There are many issues in tradition lifecycle models especially when we apply them to the products whose sales curve has a feature of multiple peaks. Two of them are the bad performances on fitting the sales curve and forecasting the demand. In order to solve the first problem, we proposed a method of fitting in batches which divided an entire category into some launching batches and fitted the sales curve of every launching batch separately, and then we got the sales curve of the category by adding the sales curve of every batch up. In order to solve the second problem, we introduced the Artificial Bee Colony Algorithm and built a self-update lifecycle forecasting model. Tested by a real sales data in garment industry and comparing with the tradition method and model, the method and the forecasting model can realize a higher accuracy both in fitting and forecast.
Introduction
The theory of product lifecycle was proposed in 1960s and used to describe the entire process from a product being released into the market to withdrawing. A whole lifecycle contains four periods: introduction, growth, mature and quit. On the base of the theory, there are many lifecycle models which describe the relationship between sales and time been proposed, such as Logistic model, Bass model and Polynomial model. Jiang Wu and Zhenfang Huang (2004) fitted the lifecycle curve of traveling products with Logistic model and proved the non-linear law on forecasts of the traveling market. Charles V. Trappey and Hsin-ying Wu (2007) evaluated the forecast accuracies of different models (such as simple Logistic model, extended Logistic model, Gompertz model, etc.) with sales data of short lifecycle products. Haoxian Xu and Qizhi Song (2007) applied Bass model to forecast of short lifecycle products. They completed the forecast information with similar products and made a seasonal correction on the model. Qixiang He (2008) fitted the products lifecycle curve locally with polynomial regression and applied the method to the dividing of different lifecycle periods.
The models based on traditional product lifecycle theory are no longer suitable for describing the modern features of product lifecycle curve with the developments of markets, the continuous exacerbation of competition between companies and the change of consumers' habits. One of the reasons is that many kinds of products' shape of sales curves became special shape, such as multi-peak shape, instead of standard S shape. If we applied the traditional models to these curves, we will not receive a satisfactory result. So, we proposed a fitting method of multi-peak lifecycle curve and built a self-update forecast model to solve the issues.
The Fitting of Multi-peak Sales Curves
In modern commercial environment, the competition between companies becomes more and more intense in every industry. At the same time, information spreads faster than before and the requirements from consumers become higher and higher with the arrival of Internet age. Because of these reasons, the length and sales of products lifecycle are less than expectation. This has affected the revenue and profit of most companies seriously. Considering above situations, many companies implemented a strategy in which the products of a certain category are launched in batches so that they can keep the sales in a high level and extend the mature period as long as possible. Every batch of products has its own sales peak. There will be several peaks in sales of the category when the strategy was implemented. However, the models based on tradition theory didn't consider the situation. When we applied them to this kind of category, there will be many problems.
Regardless of the weather, holidays, promotions and other factors which affect sales, this paper only consider the relationship between sales and time. We will fit the sales curve with complete category sales data which has a multi-peak feature. Because the reason why the category sales curve has a multi-peak feature is that the company implements the launching-in-batches strategy, we use a two-stage cubic polynomial to fit the sales curve of every launching batch and get several fitting models of every launching batch. Then add the models into an integrated model which has several peaks.
Fitting sales curve of single launching batch
We assume that the sales data of a certain product batch can be represented by a binary array in which is the time and is the sales of the product. According to the feature of the sales curve of the product, we built a function as:
( 1) is the starting time of the product's launching and is the terminal time. is the intersection of two cubic curves and it shows the sales peak of the product. Usually, the position of is determined by related experts' experience. and are the fitting parameters of the two cubic curves.
We assume that is the lifecycle function corresponding to the sales curve of the binary array (t, s). We use two-stage cubic polynomial to fit . According to the principle of least square method, the which can make the formula reach its minimum value is the best fitting function.
Fitting sales curve of the category
If we divide the products of the category into batches and launch them in different time, because there will be a peak in sales of every batch, there will be several sales peaks during the lifecycle of the category and there will be several peaks on the sales curve of the category. We use the method in 2.1 to get the fitting function of every single sales batch. The fitting functions are . We assume the starting time of the first sales batch is and there are at most two batches existing in the market. Then we add the fitting functions of all single sales batches stage by stage according to their launching time and get the fitting function of the entire category:
This function has a multi-peak feature and can fit the modern category sales curve very well. On the base of the multi-peak function, we can make one step closer to forecasting the demand of the category.
The Forecast Model Based on Artificial Bee Colony Algorithm
The traditional product lifecycle models roughly described the sales trend by the feature of every stage of lifecycle after the products being launched. If we use these models to forecast the demand in the future, we won't get an ideal result. Generally, the sales of a product are influenced obviously by time. Moreover, it is also influenced by other factors. For example, the sales of garment products are influenced by the weather, holidays, promotions, etc. Because of the existence of these factors, there is a tremendous gap between the actual sales data and forecast. That is to say the sales of the product between two consecutive cycles are much different from each other. In order to reduce the gap, we use Artificial Bee Colony Algorithm to learn from the actual data and build a new demand forecast model based on the fitting function of the entire category which has a multi-peak feature.
The parameter settings of the forecast model
(1) The objective function Before using the Artificial Bee Colony Algorithm, we should determine the objective function of the algorithm. In this paper, we aim to optimize the coefficient vector of the fitting function of the entire category. According to the principle of least square method, we use the category sales data of recent ω unit time to build an objective function as follow:
( 3) is the coefficient vector of the fitting function of the entire category and it is represented as . is the forecast of the recent sales and is the recent actual sales. We can get the optimized coefficient vector of the fitting function of the entire category when reaches its maximum.
(2) The threshold of the Artificial Bee Colony Algorithm It is very important to select the initial population in the Artificial Bee Colony Algorithm., because it directly affects the speed of the global convergence and the quality of the solution during the whole optimization process. Generally, we produce the initial solution with method of random initialization if we cannot obtain any priori information. However, the optimization in this paper is on the base of the fitting function of the entire category, so we make the optimization parameter float on the base of the coefficient vector of the fitting function of the entire category. The floating rate is . That is to say the upper limit of the threshold is and the lower limit of the threshold is .
(3) The optimization of solution searching space When the coefficient vector of cubic polynomial is changed and becomes , to any and , there always be a constant which makes the following equations be true.
This is to say that the optimization to the coefficient vector equals to the optimization to the coefficient . So we change the objective function to as follows:
We can reduce the dimension of solution searching space from 4 dimensions to 1 dimension through this method and accelerate the speed of the algorithm convergence. When forecasting the sales in the future, we use the recent historical sales data to optimize the coefficient and generate new forecast with the optimized model.
Forecast processes
In summary, on the base of the Artificial Bee Colony Algorithm, we build a forecast process as follows:
(1) Build the fitting model of the entire category with historical data of last sales cycle.
(2) Calculate the forecast of new sales cycle. 
Example Study
A shoe company was built in 1986. It is a company with capabilities of R&D, independent production, brand marketing, after-sale service and there are totally 1,500 stores in China. In this paper, we choose the sales data of cotton shoe category in two consecutive years as the object of the study and use week as the unit time. Before using the sales data, in order to protect the actual sales data, we map the sales data into . This may make some decimals appear in the experimental data, but it will not affect the correctness of the result. According to the forecast processes we proposed above, we fit the lifecycle curve of the cotton shoe category with the sales data of first year and then use the actual sales data of second year as the updating data to generate the sales forecast of second year.
Fitting
First, we fit the lifecycle curve of every single product batch with the first year sales data according to the principle of the least square method. From the picture above, we can find there are three launching batches in the lifecycle of the category. The sales peak of the first batch of the product appears at the 11th week. The second batch of the product is launched at the 9th week and its sales peak appears at the 16th week. The third batch of the product is launched at the15th week and its sales peak appears at the 24th week. So we fit the sales curve of every single batch of the product with two-stage cubic polynomials and the result is as follows:
(1) the fitting model of the first batch of the product:
(2) the fitting model of the first batch of the product:
(3) the fitting model of the first batch of the product:
We add these models up by their launching time to generate the lifecycle curve of the entire category. The result is as follows:
In order to compare the different performance in different standard between the method in this paper and the traditional method, we fit the lifecycle curve of the entire category without fitting in batches. The comparison result is as follows: From the table we can find that fitting in batches can obviously improve the fitting accuracy to lifecycle curve with multi-peak feature.
Forecast
Comparing the sales curves of the category in two years after aligning the sales data by the point of sales peak, we can find that there are too many obviously differences between the two curves in many weeks although the trends of the two curves are similar to each other. So it is not suitable for traditional method, which directly adds an estimated sales gap of two years to the fitting model, to forecast the sales. According to the method we proposed, we use the Artificial Bee Colony Algorithm to update the message and forecast the sales of the second year on the base of the fitting model. We expand the value of gradually. To any , when , the optimized result doesn't change any more. That means we get the global optimized solution. We use different to test the forecast accuracy of the model and the result is as follows: We choose as the parameter and compare the forecast accuracy between the method in this paper (MITP) and the tradition method (TM) which directly adds an estimated sales gap of two years to the fitting model. The result is as follows: 
Conclusions and Prospects
With the products market being increasingly competitive and the quality of consumers increasing, there are more and more flaws in the traditional product lifecycle theories. In this paper, we analyzed the essential reason of multi-peak phenomenon in the product lifecycle curve. In order to solve the problem that we won't receive an ideal result when we use the traditional lifecycle models to fit the sales curves which have multiple peaks and forecast the demand in the future, we proposed a method of fitting in batches and a forecast model based on the Artificial Bee Colony Algorithm. After tested by a group of actual data, they were proved to be useful for improving the accuracy of fitting and forecast.
At the same time, we did not consider the factors like the extreme weather, the holidays and the sales promotion in the actual business operation process which have obvious effects on the sales of products when we fit and forecast the lifecycle curve of the product. We only considered the relationship between sales and time. So the result of the experiment is still not good enough to the business practice. These factors should be considered in the future researches.
